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 Breast abnormality description, detection of microcalcifications and masses, and, 

diagnosis of malignant or benign masses in a mammogram, are challenging tasks in the 

diagnosis and treatment of breast cancer disease.This paperproposesa computer aided 
diagnosis (CADx) system to describe breast masses and to classify them into two 

benign and malignant types usingan artificialneural network. Pre-processing and image 

enhancement is applied by using smoothing filtering and histogram equalization 
techniques. Three important types of features including co-occurrence matrix, 

histogram and geometric features are then computedfor eachsuspected region of interest 

(ROI). Finally, aperceptron neural network is constructed and trained based on the 
extracted features. A total of 322realdata is used for trainingand testing the proposed 

system. 23important features for each ROI of the breast are calculated. Classification 

accuracy obtained for the system is about 91% which is in an acceptable range. The 
obtained results indicate the possibility of using the system in real clinical environments 

in order to increase the accuracy and speed of interpretation by a radiologist.  
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INTRODUCTION 

 

 Breast cancer is one of the most common diseases among women. This disease is a major cause of death and 

has been increased significantly in recent years [1, 2, 3 and 4]. With increasing age of women, the probability of 

this illness will increase. Physicians recommend breast cancer screening for women over 40 years old [5]. At 

present, the most common way to detect breast cancer is via X-Ray Imaging, because of its simplicity of imaging, 

low cost and portability of the technology [1]. A mammogram is achieved through compressing the patient’s 

breast between two acrylic plates and passing an X-ray signal through it. This gray-level image shows internal 

details of breasts such as healthy tissue, blood vessels, muscles, masses and noise. The shape, size and brightness 

of a mass can be used as a helpful feature for diagnosis of breast cancer by an expert radiologist [6]. If the mass is 

observed, biopsy should be performed in order to detect whether it is malignant or benign. It is a difficult task to 

assess mammograms accurately when there exist a huge number of them. The estimated sensitivity of radiologists 

in breast cancer screening is only75% [2]. But, if they only check suspicious masses, they can improve their 

performance. Breast cancer CADx systems can help in this regard and are necessary for breast cancer diagnosis 

and treatment. Diagnosis of benign and malignant masses in a mammogram is one of the most interest aspects in 

designing breast cancer systems. Computerized features extraction is the heart of CADx systems and is the best 

way to detect breast cancer. In general, features of an image are divided into three categories: 

1) Geometric features: Geometric features describe the geometric properties of object such as area, perimeter. 

Geometric features are essential to recognize any objects in medical diagnose [7]. 

2) Textural features: Texture is one of the important characteristics used in identifying regions of interest in an 

image [8]. Texture analysis aims in finding a way of representing the underlying characteristics of textures and 

represent them in some simpler but unique form, so that they can be used for robust, accurate classification and 

segmentation of objects [9]. 

3) Gradient features: Gradient information present in the boundaries of masses has been attempted by a few 

researchers in order to arrive at benign or malignant decisions [10]. An edge in the original image would 

correspond to a higher value in the gradient image [7]. 
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 The remainder of the paper is organized as follows: Section II presents a literature review regarding to the 

breast cancer systems. Section III explains the proposed method including preprocessing, selection of ROI and 

extraction of features including texture, geometric and gradient features. Section IV describes perceptron neural 

network used for classification of the masses. Section V describes the results of the proposed classification 

method and section VI contains the conclusions and future work. 

 

Related works: 

 Research in the field of CAD systems for breast cancer is growing increasingly and more intelligent 

techniques have been used to improve classification accuracy.  

 [11] provided an approach to classify breast masses into benign and malignant types. The proposed approach 

is based on retrieving images in the database that are most similar to the new image presented to differentiate 

between benign and malignant mass. In [12], features such as variance of contrast and auto correlation are 

extracted using wavelet transform. The features are classified using a neural network. The sensitivity of the 

system is 98.77% and its specificity is 81.37%. Texture features in three-dimensional ultrasound image was used 

by [13] for classification. They suggested that the difference between the gray levels of neighboring pixels should 

be used as input features of neural networks. Accuracy and sensitivity of their proposed system are 91.9% and 

88.9% respectively. SVM classification method is also used by [14]. They used six morphological features for 

classifying benign and malignant masses and obtained an accuracy of 93.04% and 83.31% respectively. [15] used 

a number of simple textural features such as local correlation coefficient and covariance matrix. SVM method is 

used to classify the tumor observed through the ultrasound images with accuracy of 94.4%. The number of 

important features related to tissue was provided by [7]. The values of these features for the MIAS database were 

calculated. However, the classification has not been done in this study. In addition to using the texture and shape 

features of cancerous tissue, [16] proposed artificial neural network classification which used soft clustered base 

method in order to create a sub class to increase the sensitivity and accuracy; their implementation accuracy was 

97%. Dheeba et al, have used a two-dimensional kernel for the convolution with the image and then extracted 

texture features. They also used SVM method for classification; the accuracy of obtained results for the MIAS 

database is 86.1% [17]. Eccentricity, Solidity, Deference Area and solidarity features were used for classification 

by [3] and finally they used SVM for classification. The accuracy achieved by them is 95% [3]. [18]combined 

texture features extracted from co-occurrence matrix with morphological features to conduct a classification 

schema. The accuracy of their proposed system is 88.42%. 

 To our best knowledge, there is not any CAD system that has used combination of shape index and texture 

features to discriminate between benign and malignant tumor. The main contribution of this research is to 

combine local shape structure, texture and histogram features for the classification of masses. Also, a CAD 

system is developed that can help the physician to diagnose the type of tumor regarding being benign or 

malignant with an acceptable accuracy. 

 

Proposed system: 

 In this study, three types of features including co-occurrence matrix features, histogram features and shape 

index features have been calculated for each ROI. Then, a classification technique using perceptron neural 

network is proposed to classify each ROI into two categories: benign and malignant cancerous tumors. The 

architecture of the proposed system has been presented in Fig. 1. 

 The proposed system consists of the following stages: 

 

1. Pre-processing: 

 At this stage, two methods are used: histogram equalization and Gaussian filter. Gaussian filter was used to 

remove noises from the mammograms. 

 The main goal of the preprocessing stage is to increase the difference between the backgrounds and objects 

so that breast tumor tissues can be better displayed. 

 At First, The histogram equalization method was used to increase the contrast of image. This improves the 

texture features. Also, the mass margins will be more visible (Fig. 2). Histogram of the gray levels of ROI is 

calculated and then is normalized. 

 

2. Selection of ROI: 

 A specified suspicious area is extracted manually for each image from the MIAS database. In order to do 

this, the radius and center given in the database was used. 

 

3. Features extraction: 

 In this study, three types of features were used: texture, histogram and geometric features. To extract the 

texture features, co-occurrence matrices were used. Combination of Hessian matrix and shape index were used to 

calculate geometric features. 
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Fig. 1: The architecture of the proposed system. 
 

 
 
Fig. 2: a an image with the tumor, b) image with histogram equalization. 
 

A. Texture features:  

 Haralick created co-occurrence matrix (GLCM) in 1973 and today texture features are the most popular 

second order statistical features. The use of statistical features is one of the basic methods provided in image 

processing. Co-occurrence matrix represents the correlation of neighboring pixels [8]. 

 SupposeI(x, y)represents an image with dimensions x × ythatconsists of Ggray levels. Matrix G*G called Pd
θ
 

is made where d((dx, dy)) is distance vector and θ is direction. The element P(i,j) is the number of occurrence of 

the pair of gray levels i and j which the distance between i and j following direction θ is d [19]. 

𝑃𝑑
𝜃 𝑖, 𝑗 = #   𝑟, 𝑠 ,  𝑡, 𝑣   ∶ 𝐼 𝑟, 𝑠 = 𝑖 , 𝐼 𝑡, 𝑣 = 𝑗  𝑤𝑒𝑟𝑒  𝑟, 𝑠 ,  𝑡, 𝑣 ∈ 𝑋 × 𝑌 ∶  𝑡, 𝑣 

=  𝑟 + 𝑑𝑥 , 𝑠 + 𝑑𝑦          (1) 

 

The angleθ can be one of the following: 

 

45 90 135 

0  180 

315 
 

270 

 

225 

 

 Distance vector (d) can be any number greater than zero. The greater d is, the farther neighbors are 

examined. 

Co-occurrence matrix with θ = 90 and d = 1 is computed for a typical given matrix as follows: 

 

2 1 0   1 2 0 1 

1 2 0 0  0 1 1 2 

2 1 1 1  2 1 1 2 

0 2 1 2  0 2 0 1 

GLCM  Matrix 
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 Important texture features can be extracted from GLCM matrix. Afterwards, 13 cases of this which have 

been implemented in this study, are described: 

 

 Angular Second Moment(Energy( 

 This feature determines image uniformity. The more uniform the texture is, the bigger the value of this 

feature will be. 

𝐸𝑛𝑒𝑟𝑔𝑦 =   𝑝𝑑
𝜃 (𝑖, 𝑗)2                                               𝐺

𝑗=1
𝐺
𝑖=1        (2) 

 

Contrast: 

 Contrast is a measure of the gray level variations between the reference pixel and its neighbor. It measures 

spatial frequency of image. This shows the difference between the maximum and minimum value of two 

continuous pixels. Diagonal elements of GLCM matrix have higher value for image with lower contrast [19]. 

𝐶𝑜𝑛𝑡𝑟𝑎𝑠𝑡 =    𝑖 − 𝑗 2 . 𝑝𝑑
𝜃 𝑖, 𝑗                       𝐺

𝑗=1
𝐺
𝑖=1          (3) 

 

 Entropy: 

 Entropy represents the amount of disorder and complexity in a gray structure. When the texture is not 

uniform, the entropy will have great value.  If matrix elements of GLCM have small amount, entropy value will 

be high [20]. 

𝐸𝑛𝑡𝑟𝑜𝑝𝑦 = −  𝑝𝑑
𝜃 𝑖, 𝑗 . log  𝑝𝑑

𝜃 𝑖, 𝑗           𝐺
𝑗=1

𝐺
𝑖=1         (4) 

 

Correlation: 

 This feature shows linear relationship between the gray levels in co-occurrence matrix. This feature is often 

used to measure deformation and displacement. 

𝐶𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 =
  (𝑖 − 𝜇𝑥)(𝑗 − 𝜇𝑦)𝑝𝑑

𝜃  𝑖, 𝑗 𝐺
𝑗=1

𝐺
𝑖=1

𝜎𝑥𝜎𝑦

 5 𝑤𝑒𝑟𝑒   𝑝𝑥(𝑖) =  𝑝𝑑
𝜃  𝑖, 𝑗 𝑝𝑦 𝑗 =  𝑝𝑑

𝜃 𝑖, 𝑗 

𝐺

𝑖=1

𝐺

𝑗=1

 

𝜇𝑥 =  𝑖. 𝑝𝑥 𝑖 𝜇𝑦 =  𝑖. 𝑝𝑦 𝑖 
𝐺
𝑖=1

𝐺
𝑖=1 𝜎𝑥 =   𝑝𝑥 𝑖 .  𝑖 − 𝜇𝑥 

2𝐺
𝑖=1 𝜎𝑦 =   𝑝𝑦 𝑖 .  𝑖 − 𝜇𝑦 

2𝐺
𝑖=1     (5) 

 

 Homogeneity ) IDM): 

 This feature provides a measure of the homogeneity of the image. This feature has much larger value for a 

pair of pixels that have low gray level difference. If contrast is increased, homogeneity is reduced while Energy is 

kept constant [20]. 

𝐼𝐷𝑀 =   
𝑝𝑑
𝜃  𝑖 ,𝑗  

1+ 𝑖−𝑗  2
𝐺
𝑗=1

𝐺
𝑖=1              (6) 

 

 Variance: 

 This property specifies disparity and has great relationship with standard deviation. Whenever the difference 

between the gray levels and mean increases, the variance increases too. 

𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 =   (𝑖 − 𝜇)2 . 𝑝𝑑
𝜃 𝑖, 𝑗                 𝐺

𝑗=1
𝐺
𝑖=1         (7) 

Where      𝜇 =   𝑖. 𝑝𝑑
𝜃 𝑖, 𝑗 𝐺

𝑗=1
𝐺
𝑖=1  

 

 And below features: 

𝒔𝒖𝒎 𝑨𝒗𝒆𝒓𝒂𝒈𝒆 =  𝑘. 𝑝𝑥+𝑦 𝑘   

2𝐺

𝑘=1

 

where 

𝑝𝑥+𝑦 𝑘 =   𝑝𝑑
𝜃  𝑖, 𝑗     𝑤𝑒𝑟𝑒   𝑖 + 𝑗 = 𝑘𝐺

𝑗=1
𝐺
𝑖=1        (8) 

 

𝒔𝒖𝒎 𝑽𝒂𝒓𝒊𝒂𝒏𝒄𝒆 =   𝑘 − 𝑆𝐴 2. 𝑝𝑥+𝑦 𝑘 
2𝐺
𝑘=1        (9) 

𝒔𝒖𝒎 𝑬𝒏𝒕𝒓𝒐𝒑𝒚 = − 𝑝𝑥+𝑦 𝑘 . log  𝑝𝑥+𝑦 𝑘      2𝐺
𝑘=1        (10) 

𝑴𝒂𝒙 𝑷𝒓𝒐𝒃𝒂𝒃𝒊𝒍𝒕𝒚 = max 𝑝𝑑
𝜃 𝑖, 𝑗   11 𝑰𝒏𝒕𝒆𝒏𝒔𝒊𝒕𝒚 =   𝑖. 𝑗𝐺

𝑗=1
𝐺
𝑖=1 . 𝑝𝑑

𝜃 𝑖, 𝑗                          (12) 

𝑫𝒊𝒇𝒇𝒆𝒓𝒆𝒏𝒄𝒆 𝑬𝒏𝒕𝒓𝒐𝒑𝒚 = − 𝑝𝑥−𝑦 𝑖 . 𝑙𝑜𝑔 𝑝𝑥−𝑦 𝑖  

𝐺

𝑖=1

 

where 

𝑝𝑥−𝑦 𝑘 =   𝑝𝑑
𝜃 𝑖, 𝑗  𝑖 − 𝑗 = 𝑘𝐺

𝑗=1
𝐺
𝑖=1         (13) 
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𝑫𝒊𝒇𝒇𝒆𝒓𝒆𝒏𝒄𝒆 𝑽𝒂𝒓𝒊𝒂𝒏𝒄𝒆 =   𝑖 − 𝑓 2. 𝑝𝑥−𝑦(𝑖)

𝐺

𝑖=1

 

where 

𝑓 =  𝑖. 𝑝𝑥−𝑦(𝑖)𝐺
𝑖=1           (14) 

 

 These features are computed for the following matrices. Co-occurrence matrix for d = 1, θ = 90 and θ = 270 

is as follows: 

 

 

 

 

 

 

 

Table 1 shows values of features listed for the above matrix. 

 

 Value of texture features for a real sample: 

 Co-occurrence matrix is constructed with distance vector d = 1 and the four main directions (θ = 0, θ = 90, θ 

= 180, θ = 275). In this case, more textural features are preserved. Then, features introduced in section A are 

computed and saved. 

 
Table 1: value of features for test matrix. 

Feature value 

Energy 0.1388 

Contrast 1 

Entropy 2.0947 

Correlation 0.4857 

Homogeneity 0.7 

Variance 0.972 

SumAverage 2.333 

SumVariance 2.888 

SumEntropy 1.517 

MaximumProbability 0.25 

Intensity 1.833 

DifferenceEntropy 1.011 

DifferenceVariance 0.555 

 
Table 2: value of texture features for a mass. 

Value Feature 

0.890287 Energy 

0.543959 Contrast 

0.429983 Entropy 

0.847805 Correlation 

0.960656 Homogeneity 

1.358199 Variance 

249.595 Sum Average 

6.03025 Sum Variance 

0.371493 Sum Entropy 

0.943481 Maximum Probability 

15575.79 Intensity 

0.296363 Difference Entropy 

0.525283 Difference Variance 

  

 Extracted features for mass shown in Fig. 2 is presented in the following table (Table 2). 

 

B. Histogram features:  

 Entropy: 

 If entropy has a large value, it represents a disturbed distribution (e.g., salt-pepper noise).If entropy has a 

small value, it represents a smooth surface with low contrast [7]. 

E = − NH img xi , yi  ∗ log NH img xi , yi   
ROI
𝑖=0                       (15) 

 Where NH=Normalized Histogram  

 

 Correlation: 

 If a large object includes a constant gray levels, the correlation value is a big number. 

0.25 0 0.083 0 

0 0.167 0.083 0 

0.083 0.083 0.083 0.083 

0 0 0.083 0 

0 2 0 6  1 1 0 0 

0 2 4 0  1 1 0 0 

2 2 2 2  2 2 2 0 

0 2 0 0  3 3 2 2 

GLCM  Image 

 

Normalizing 
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Cor =
( NH  img  xi ,yi   ∗img  xi ,yi  )−𝑀𝑒𝑎𝑛ROI

𝑖=0

𝑆𝐷
                       (16) 

 

 Energy: 

Energy =  NH img xi , yi  
2ROI

𝑖=0                                                            (17) 

 

 Skewness: 

 Skewness measures the asymmetry of the data with respect to the mean. If Skewness is negative, the data are 

spread out to left-mean. If Skewness is positive, the data are spread out to right-mean. Normal distribution has 

zero Skewness [7]. 

𝑆𝑘𝑒𝑤𝑛𝑒𝑠𝑠 =
 (𝑁𝐻[𝑖𝑚𝑔  xi ,yi  ])3𝑅𝑂𝐼
𝑖=0

𝑁×𝑆𝐷3                                              (18) 

 

 Inverse: 

 This feature will have a large value if the large values of normalized histogram are near the original diameter. 

Cancer tumors have small positive inverse [7]. 

𝐼𝑛𝑣𝑒𝑟𝑠𝑒 =  
𝑁𝐻[𝑖𝑚𝑔 [xi ,yi ]]

1+(xi−yi )2
𝑅𝑂𝐼
𝑖=0                                                        (19) 

 

 Mean 

 It defines the average value of pixels in the selected area. Tumors have high mean value in mammographic 

images. 

Mean =
  Img  xi ,yi  

ROI
i=0  

N
             (20) 

N is the number of pixels of the suspicious area. 

 

 Standard deviation: 

 Standard deviation is a measure of the dispersion of the values around the mean value. To calculate the 

standard deviation, the square root of the variance is calculated. If the data points are all close to the mean, then 

the standard deviation is close to zero. If many data points are far from the mean, then the standard deviation is 

far from zero [7]. 

𝑆𝐷 =  
1

𝑁−1
   𝐼𝑚𝑔 𝑥𝑖 , 𝑦𝑖 − 𝑀𝑒𝑎𝑛 2𝑅𝑂𝐼

𝑖=0                                  (21) 

Extracted features for the mass shown in Fig. 2, is presented in table 3: 
 

Table 3: Value of histogram features. 
value Feature 

124 Mean 

71.28815 Standard Deviation 

106.6378 Entropy Histogram 

4019.977 Correlation Histogram 

2192.27 Energy Histogram 

-5.14721 Skewness Histogram 

0.492818 Inverse Histogram 

 

 
 

Fig. 3: various forms of cancerous masses. 

 

C. Geometrical Features: 

 Benign and malignant masses have certain appearances. Fig. 3 shows various forms of cancerous masses. If 

the shape of a given masse is irregular or speculated, it is usually malignant, while benign masses have soft edges. 

The masses with sharp edges or ill-defined margins often belong to malignant class. Therefore, accurate 

determination of mass edges may help a lot for mass classification [21]. Radiologists divide mass margins into 

five categories: 



738                                       Mahdi Mohammadi and Alireza Nikravanshalmani, 2014 

Advances in Environmental Biology, 8(17) September 2014, Pages: 732-743 

 Circumscribed margins 

 Obscured margins, which are hidden by superimposed or adjacent normal tissue. 

 Micro-lobulated margins, which have small undulating circles along the edge of the mass. 

 Ill-defined margins, which are poorly defined and scattered. 

 Spiculated margins, which are marked by radiating thin links. 

Three samples of cancer masses with different shapes are illustrated in the Fig. 4 [21, 22]. 

 

 
 

Fig. 4: Three samples of masses in breast cancer. 

 

 Perimeter and area of masses as geometric features are used.  

 By computing the Hessian Matrix for each pixel, a detailed analysis of anatomical structure of that pixel can 

be obtained. Eigenvalues of the Hessian matrix give specific information regarding the shape of the masses, 

which can be used as a feature for classification [23]. 

 Eigenvalues and Eigenvector of Hessian Matrix for each pixel can be used as a descriptor of local image 

structure. Eigenvalues correspond to the curvature of the image and Eigenvectors indicate the direction of the 

curvature. Thus, analysis the eigenvalues of the Hessian matrix provides two types of information at any point of 

the image: [24] 

 Eigenvalues (for 3-D images) describe the type of curvature. 

 Eigenvectors describe direction of local forms 

Suppose a 2-D image is displayed as a 2D function F(x, y).The second derivative is shown as Fxx, Fyy, Fxy, Fyx, 

and, Fxy = Fyx. Hessian matrix is formed as follows: [25] 

H =  
Fxx Fxy

𝐹𝑦𝑥 Fyy
                                                                (22) 

Two eigenvalues 1and2arecalculated in which1>2. This matrix is calculated for each pixel of the image and 

eigenvalues of Hessian matrix for each pixel is obtained. 

The following conditions specify the local structure of each pixel in the image [26]: 

If 1=2<<0               then object is disk 

If 1<<0 and 2=0    then object is line 

These relationship scan be summarized as: 

e =
 2 

 1 
=  

1      𝑑𝑖𝑠𝑘
0      𝑙𝑖𝑛𝑒

                                                     (23) 

 

Table 4 is a description of the eigenvalues of Hessian matrix [21]: 
 

Table 4: Description of the eigenvalues. 
Local shape 2 1 

Noisy(blob-like) N N 

Tubular(Bright) H- L 

Tubular(Dark) H+ L 

Blob-Like(Bright) H- H- 

Blob-Like(Dark) H+ H+ 

Shape index and curvature are defined as follows: [24] 

𝑠𝑎𝑝𝑒 𝑖𝑛𝑑𝑒𝑥 =
−2

𝜋
arctan 

1+2

1−2
           (24) 

 Shape index for each pixel located at the edge of a curved shape, is close to one. To evaluate the performance 

of shape index, the following test image containing similar line and shape of the cancerous mass was created. 

Then Gaussian filter was applied on it. After creating Hessian matrix and calculate eigenvalues of matrix for each 

pixel, the shape index of that pixel was calculated according to the formula presented. 

 The Fig.5 shows pixels where shape index is between 0.9 and 1 (red points). As figure shows the shape index 

can well find the curves at the edges. . 

 Unlike malignant tumors, benign tumor masses usually have curved edges [22].Therefore, this shape index 

can be used as a feature for the classification of masses. 

 In order to extract features of each selected suspicious area, Gaussian filter is applied to remove noise. 

Hessian Matrix for each point of ROI was calculated and then shape index using eigenvalues of this matrix was 
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obtained. For each area, the number of pixels for which the shape index is greater than 0.8 was calculated. The 

average number of pixels for benign masses were159 and for malignant masses were205. 

 

 
 

Fig. 5: a test image, b) Points with shape index between 0.9 and 1. 

 

I. Classification with Neural Network: 

 The last phase of the proposed system is the classification of extracted features with an artificial neural 

network (ANN).ANNs are mathematical models which are capable of learning and classifying data like 

biological nervous systems. ANNs use the non-linear functions to determine the boundary decision. The 

advantage of neural networks is that they can of ten solve complex problems. Many researcher shave used ANNs 

to detect and classify the cancerous tumors [4, 5, 6, 12, 28 and 29]. 

 ANN consists of an input and an output layer and one or more hidden layers. Each layer consists of some 

neurons connected with the weighted edges to the neurons in the next layer. The network should be trained with 

training data to determining the best weights of the network which minimizes the differences between the outputs 

of the network and the real target output that it should have. In Fig. 6, the general structure of a perceptron neural 

network is shown. 

 
 

Fig. 6: general structure of perceptron neural network. 

 

 There are many algorithms to train a neural network, the most popular of which is back propagation [5, 6, 12, 

16 and 28].This algorithm adjusts the weights of the network based on the minimization of the difference between 

the actual output and the target output. This algorithm is used in our research to train the proposed neural 

network. 

 The input layer of the proposed ANN consists of23 input neurons (the number of extracted features), and, the 

hidden layer is composed of12 neurons, and the output layer has only one neuron. Its output determines both the 

benign and malignant conditions. Fig. 7, shows the general architecture of the neural network used in this paper. 

 

II. Database and results: 

 The MIAS database which contains 322 mammograms is used in the proposed system. The spatial resolution 

of the images is 1024 × 1024 pixels. 89 mammograms have cancerous masses of which 50 cases are benign and 

39 cases are malignant. 

 The proposed system is implemented with c# programming language. In Fig.8, the main user interface of the 

proposed CAD system is presented. 

 
Table 5: value of features. 

Max value Min value Average Feature 

0.9993 0.0026 0.2516 Energy 

132.7362 0.001 7.111 Contrast 

6.2221 0.0042 3.4171 Entropy 

0.9968 0.3628 0.9650 Correlation 

0.9998 0.3628 0.6956 Homogeneity 

2782 0.0013 206.74 Variance 

352.57 108.67 246.67 Sum Average 

11013 0.0057 824.6 SumVariance 

5.103 0.0039 2.86 Sum Entropy 
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0.9996 0.0073 0.3842 Maximum Probability 

31167 3168 15935 Intensity 

2.2261 0.0033 1.1877 Difference Entropy 

109.26 0.001 5.0866 Difference Variance 

176 54 122 Mean 

4972.9 38.75 921.15 Standard Deviation 

10055 11 1370 Entropy Histogram 

26226 3.986 1379 Correlation Histogram 

41355 1.48 2109 Energy Histogram 

0 -46.237 -0.6841 Skewness Histogram 

444 0.0004 28.4 Inverse Histogram 

1328 0 179 # Shape index 

 
Fig. 8: A view of CAD system designed. 

  

 70% of the masses were selected to train the proposed neural network, and, the rest was used to validate and 

test the neural network. 

 In table 5,the mean, minimum and maximum of each extracted feature are shown. The features were 

normalized as follows: 

𝑁𝑉𝑒𝑐𝑡𝑜𝑟  𝑖 =
𝑣𝑖

  𝑣𝑗
2𝑛

𝑗=1

                                                             (25) 

Table 6, shows some parameters used in the proposed neural network. ANN learning curve is shown in Fig. 9. 

 

 
 

Fig. 9: Training performance. 

 
Table 6: Parameters used in neural network. 

23 Number of Input neuron 

12 Number of Hidden Neuron 

0.01 Learning Rate 

log sigmoid, tan sigmoid Activation Function 

83 Number of data Learning 

BP Algorithm training 

 

Confusion matrix for training, test and evaluation data can be seen in the table7. 
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Table 7: Confusion matrix. 

Validation Confusion matrix Training Confusion Matrix 

100% 

0% 
0 

0% 

6 

46.2% 
0 
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tp
u
t 

C
la

ss
 

94.4% 

5.6% 

2 

3.2% 

34 

54% 
0 

O
u

tp
u
t 

C
la

ss
 

71.4% 

28.6% 

5 

38.5% 

2 

15.4% 
1 

100% 

0% 

27 

42.9% 

0 

0% 
1 

84.6% 

15.4% 

100% 

0% 

75% 

25% 
 

96.8% 

3.2% 

93.1% 

6.9% 

100% 

0% 
 

 1 0    1 0   

Target Class Target Class  

 

 

 

 

 

 

 

 

 

 
Fig. 10: ROC curve. 

 

 A receiver operating characteristic (ROC) curve is a plotting of true positive as a function of false positive. 

Higher ROC, approaching the perfection at the upper left hand corner, would indicate greater discrimination 

capacity [2].Fig.10 shows ROC curves of the computerized scheme with ANN. Accuracy is 91% for all data. The 

results show that the designed system can help the expert physician to improve his (her) diagnostic accuracy. 

 

Conclusions and Future Work: 

 In this paper, a system is developed to assist physicians to have a complete description of the cancerous area, 

and, to identify the type of the tumor, i.e. benign or malignant. 

 The system has the capability of progressive learning. Each time a new image is given to the system, it will 

be used as a new case to adjust the parameters used in the system. Also, if the opinion of the physician is different 

from the system, it will be applied to the system. 

 This system is not intended to be a substitution of an expert physician, and can be used as a second opinion 

and assistant to enhance the diagnosis of benign or malignant tumor. This system can also help physician to 

observe the texture features of a suspicious mass as a numerical quantity, so that he can have more accurate 

diagnosis using his experience. 

 In this study, the selection of the suspicious area was done manually by the operator. This process can be 

done automatically to enhance the accuracy of the system. Also, more features can be investigated to improve the 

classification phase. 
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